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ABSTRACT.—Network analysis is a framework that allows
integration and evaluation of predator-prey interactions.
In the present study, we synthesized diet composition
information from 94 published studies (n = 12,335 unique
predator-prey interactions) that reported food habits of
teleost fishes in the northern Gulf of Mexico (nGOM).
Using this information, we constructed 12 weighted trophic
network models using three diet metrics and four levels of
taxonomic resolution of predators and prey. We evaluated
network resilience to simulated random and directed taxa
loss by assessing changes in topological indices “complexity,”
“connectance,” “efficiency,” and “robustness” with respect
to a priori minima. We found all networks were resilient to
random removal of nodes. However, the response to directed
removal varied depending on the index used to determine
node importance. Directed removal simulations that targeted
taxa with the greatest number of trophic interactions had
the strongest impact on network topological indices. Using
an additional simulation, we assessed how removal of taxa
of commercial interest impacted the predation pressure on
other taxa. We found a greater magnitude of predator diet
shifts when Gulf menhaden (Brevoortia patronus Goode,
1878) were removed than when blue crab (Callinectes sapidus
Rathbun, 1896) were removed, indicating predators of Gulf
menhaden have a more limited portfolio of diet items than
do predators of blue crab. Compared to previously described
marine trophic networks, the network that describes the
trophic dynamics in the nGOM is less connected and
complex. This conclusion highlights the need for consistent
reporting of stomach contents and improved understanding
of the food habits of lesser-known taxa in the region.

Studies of the food habits of fishes seek to provide insight into a range of dynamics,
including the identification of keystone predators and prey species, the description
of niche breadth, and an understanding of habitat use. The quantification of food
habits has traditionally been performed using stomach content analysis to understand habitat-, seasonal-, and age-specific contrasts (Hyslop 1980). Stomach content
analysis allows the description of specific taxonomic predator-prey interactions that
Bulletin of Marine Science

© 2018 Rosenstiel School of Marine & Atmospheric Science of
the University of Miami

21

22

Bulletin of Marine Science. Vol 94, No 1. 2018

other analyses (e.g., stable isotope and free fatty acid) cannot (Young et al. 2015). The
analysis of stomach content is made informative by the evaluation of multiple metrics: frequency of occurrence, index of relative importance, index of caloric importance, gravimetric, volumetric, numerically, or stomach fullness based on a points
system (Hyslop 1980). Although some studies have attempted to reconcile disparate
reporting metrics (Stobberup et al. 2009, Sagarese et al. 2016), a challenge remains to
combine the metrics to derive robust estimates of diet.
In the northern Gulf of Mexico (nGoM), the trophic dynamics of many commercially and recreationally important fish species are not well understood. Trophic ecosystem modeling approaches for the Gulf of Mexico (Vidal and Pauly 2004, Geers
et al. 2014, Masi et al. 2014, Sagarese et al. 2016), Alabama bay systems (Althauser
2003), Texas (Sutton and Guillen 2009), and the west Florida shelf (Okey et al. 2002,
2004, Chagaris et al. 2015, Grüss et al. 2015) recognize that the lack of detailed food
habit data for the Gulf of Mexico limit their predictive capabilities. Comprehensive
representations of trophic interactions depend on adequate temporal, spatial, and
taxonomic survey effort (Szoboszlai et al. 2015). Evaluating consumer diets over sufficient temporal scales provides information about how prey availability and the selectivity of consumers shift seasonally and inter-annually (Szoboszlai et al. 2015),
and allows the impacts of local and regional changes to be determined (Young et al.
2015). Similarly, an understanding of ecosystem dynamics necessitates understanding the magnitude of consumer interactions at multiple trophic levels. To provide a
framework for combining predator and prey information and evaluate their dynamics, we use network analysis.
Network analysis is a widespread method for analyzing social (Scott 1988, De
Montis et al. 2007), economic (Goerner et al. 2009, Kharrazi et al. 2013, Fath 2015),
and biological systems (Greicius et al. 2003, Luscombe et al. 2004). Network modeling and topological analyses have a long history in ecology for evaluating trophic
interactions among taxa (Paine 1969, Pimm et al. 1991, Camacho et al. 2002, Dunne
et al. 2004, Bascompte et al. 2006, Olesen et al. 2006, Fath et al. 2007, Sih et al. 2009,
Bornatowski et al. 2014). Experimental perturbations of networks through the simulated removal of nodes and subsequent analysis of network characteristics can be
used to assess network function and to identify influential nodes (consumers or prey)
(Albert et al. 2000, Dunne et al. 2002, Sih et al. 2009, Navia et al. 2010, Bornatowski
et al. 2014, García-Algarra et al. 2017). The simulated removal of nodes represents a
scenario where the relative abundance of the taxa is reduced to such an extent that it
becomes “functionally” removed as a prey item.
Network models are composed of nodes connected by edges; each node represents
a predator or prey taxa and edges represent a described trophic interaction between a
predator and prey. Edges can be a binary representation of the presence or absence of
an observed interaction (Dunne et al. 2004, Gaichas and Francis 2008, Bornatowski
et al. 2014, Navia et al. 2016) or weighted with data to understand interaction strength
(i.e., “weighted network”). Such weighted network models allow interpretation of
differential interaction strengths between and among nodes (Banašek-Richter et al.
2009, Boit and Gaedke 2014, van Altena et al. 2016). Networks are assessed by their
function, which is the ability to maintain effective structure after perturbation, and
relies on a balance of resilience and efficiency. Resilience is the flexibility and diversity, or redundancy, within a network (i.e., prey items that fill similar trophic roles
in a trophic web) (Goerner et al. 2009). Network efficiency is the ability to maintain
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pathways for energy transfer (Goerner et al. 2009). A network’s resilience and efficiency are contingent on diversity (the number of nodes) and connectivity (the number and arrangement of edges). High diversity leads to increased redundancy and
high connectivity allows for efficient energy transfer (Goerner et al. 2009, Fath 2015).
Several topological indices can be used to evaluate network function including “complexity,” “connectivity,” “efficiency,” and “robustness.” Node-level indices can be used
to assess the importance of individual network nodes. One of the simplest but most
frequently used node index is degree, or the number of direct connections an individual node has. In a trophic context, predator nodes with relatively high degree are
generalists and have greater flexibility in prey choice relative to a specialist predator with few edges. Another node index is weighted degree, which incorporates the
strength of each direct connection. Closeness quantifies how close each individual
node is to all other nodes in a network and fragmentation ranks nodes based on how
much the network would be disconnected if that node was removed.
The objectives for the present study were to evaluate how our understanding of
trophic webs in the nGoM is informed and biased by available literature and to understand how the inclusion of data to create weighted networks can improve our
understanding of the trophic webs’ function and resiliency. Specifically, we evaluated
how the differences in stomach content metrics and the precision of taxonomic identification impact the structural indices of trophic webs. We used simulation analysis
to test how topological indices of the trophic web networks respond to random and
directed node removals. We used directed node removal simulations to compare
weighted and unweighted indices (closeness, degree, weighted degree, and fragmentation) for determining the importance of a node to a network, which provides insight into the value of including quantitative data into the nGoM trophic webs. We
also used simulation analysis to predict how predator’s diet habits may shift when
individual prey taxa are removed from the network. This allowed us to evaluate the
role of taxonomic groups of commercial interest.
Materials and Methods
Data and Data Sources.—We conducted a comprehensive literature search for
all published diet studies in the nGoM using the bibliography provided in the Gulf of
Mexico Species Interactions (GoMexSI, http://gomexsi.tamucc.edu) online database
and Google Scholar to find food habits and diet studies of ray-finned fishes in the
Gulf of Mexico. In total, we compiled comprehensive information from 94 literature sources and constructed a data base (data available by request from the authors,
see Online Appendix 1 for literature sources) that included published peer-reviewed
papers, technical documents, and theses. For each source, we recorded when (year)
and where the study was performed, the predator analyzed, and the taxonomic composition of its stomach content. We limited our investigation to predators of class
Actinopterygii (ray-finned fishes). We focused on the coastal fish species and their
prey to gather an initial understanding of predator-prey relationships in the Gulf of
Mexico and recognize that our analysis omits the potentially critical role of mammals, birds, and elasmobranch fishes.
We defined prey groups by using the lowest taxonomic classification reported
in the studies and determined their taxonomic classification using the Integrated
Taxonomic Information System (ITIS, http://www.itis.gov). We excluded ambiguous
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and non-organic diet content, such as mud, sand, detritus, etc., and omitted multiphyletic categories (flesh, bone, spine, etc.). We also excluded papers with stable
isotope and fatty acid analyses because these studies provide information that is
complementary to stomach content analysis, but not directly comparable and they
do not provide a high taxonomic resolution of stomach contents. We excluded all
published work that provided syntheses of data from studies already represented in
our database.
A variety of methods are used to quantify stomach contents and each was included in our database. Method types include frequency of occurrence, dry weight, wet
weight, and percent volume. Frequency of occurrence is the percent of either all or
non-empty stomachs that contain individuals from a prey group. Gravimetric methods (dry and wet weight) are the collective weight of each prey group found in a stomach. Volumetric analysis may be done through direct or indirect estimation. Direct
estimation involves determining the displacement volume of the stomach contents,
whereas indirect estimation is done by comparing stomach contents with blocks of
known volume to approximate the actual volume (Hyslop 1980).
Network Analyses.—We used a network analysis approach to describe predatorprey relationships in the nGoM. We used the R packages igraph and enaR to investigate and visualize trophic interactions (Csardi and Nepusz 2006, R Core Team 2015,
Lau et al. 2017). We first separated the data by stomach content analysis methodology: weight, frequency of occurrence, and percent volume. Each reported incident
of a prey in a predator’s stomach formed a predator-prey pair (link in the network)
and the strength of that interaction is represented by the numeric value reported in
the literature (e.g., for the network based on wet weight, the value that describes the
interaction is the wet weight of the prey in the predator’s stomach). When predatorprey pairs occurred in two or more studies, the mean of all interactions was used for
the weight. Within each method type, predator and prey were aggregated by taxonomic level (species, genus, family, and order), so that all nodes within a network
were at the same taxonomic level. Using this approach, we generated 12 unique networks for analysis. Each network was composed of nodes that represent the predators and prey, and are connected by edges, or links, that are weighted with the value
of the link determined by the method type. An example predator-prey matrix with
weights and its consequent network is shown in Figures 1 and 2 (see Appendix 1 for
species names, and Online Appendix 1 for more details on predator and prey species
included in the study).
To evaluate the structure of each constructed network, we simulated random and
directed node loss, and evaluated network indices of complexity, connectance, efficiency, and robustness (Dunne et al. 2004). Complexity, or link density (LD), is the
average number of edges (L) per nodes (N), LD = L/N. For example, a trophic web
with a link density of 2.5 indicates that on average, nodes have 2.5 trophic links. We
calculated the weighted link density, (LDw) following Boit and Gaedke (2014):

LD w = e 0.5U ,
where Φ is the network’s degrees of freedom, or the number of alternative paths
among nodes. Connectance (C) is quantified by the proportion of edges to the number of all possible edges, (C = L⁄N2) and ranges from zero to one. Values of zero
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Figure 1. An example of a weighted predator-prey adjacency matrix, where all taxa (prey and
predator) are identified to taxonomic level species. Predators are listed in the columns and prey
species as rows. Positive frequency of occurrence interactions between the predator-prey pairs
are shaded, with darker shading indicating greater values of this metric.
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Figure 2. A visual representation of a trophic network constructed from the predator-prey adjacency matrix in Figure 1. The interactions come from frequency of occurrence data of predator
and prey identified to taxonomic species level. This visualization focuses on the predator species
of Gulf menhaden, and the all of the other prey species that those predators feed on. The nodes
represent predator and prey taxa and the arrows represent the links between them. The arrows
point from predator to prey and the thickness represents the log-transformed weight of the interaction. The size of the nodes is the log-transformed weighted degree.

indicate that no feeding interactions exist among nodes, a value of one indicates that
all nodes interact with one another (Gilbert 2009). Not all values of C are meaningful
and the minimum value of C before a network becomes too divided into subgroups
is given by Cmin = N−1⁄N2. In a typical trophic web, C ranges from approximately 0.03
to 0.3 with a mean of approximately 0.10–0.15 (Dunne 2012). Additionally, we calculated weighted connectance by incorporating the strength of trophic links following
methods from Boit and Gaedke (2014):

Cw =

LD w .
N2

Efficiency refers to how effectively energy can be transferred through a network
and can be quantified by the average path length (APL). Path length is the number of edges between two nodes in a network and APL is the mean length of the
shortest paths for all possible pairs of nodes in a network (Barabasi 2016). Networks
with shorter APL are considered efficient and easily traversable, while networks with
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longer APL are considered inefficient and complicated (Barabasi 2016). When nodes
are removed, APL tends to increase until ultimately node pairs are disconnected and
the network begins to become composed of multiple, disjointed networks (Newman
2003). The APL metric can incorporate edge weights so that the shortest distance
between each pair maximizes the sum of relative feeding interaction between pairs
(Boit and Gaedke 2014). We calculated weighted APL (APLw) with the following
equation:

APL w =

N
1
|
d ij,
ij
NQ N - 1 V

where N is the number of nodes and dij is the shortest distance between nodes i and
j. Robustness can be defined as the ability of a system to absorb stresses and continue
functioning (Levin and Lubchenco 2008) and is based on redundancy and efficiency
in a network. Fath (2015) defined the term robustness (R) to measure the efficiency
and redundancy of networks as:

A
A
R = -S C X log S C X,
where A is ascendency and C is capacity. Ascendency is a function of an ecosystem’s
trophic network and is the extent to which a network efficiently distributes the flow
of energy among its nodes (Kharrazi et al 2013). Capacity relates to a system’s potential for growth and development, and includes ascendency and redundancy (see
Kharrazi et al. 2013 for full derivation). Robustness is maximized when A/C = 0.368
(Fath 2015).
Prior to any removal simulations (number of simulation trials = 62), we determined
the initial values of each network’s link density, weighted link density, connectance,
and its weighted counterpart, weighted average path length, weighted clustering coefficient, and robustness. We used linear and non-linear (power function) models
to examine the relationship between network size and topological indices. Akaike
information criterion (AIC) and inspection of residuals for each model was used to
determine the most appropriate model. The random loss simulation was performed
by selecting a random node, removing it from the network, then calculating the resulting LD, LDw, C, Cw, APLw, and R. We then removed another random node and recalculated each of the index values. We continued removing nodes until the number
of nodes removed was ½ of the original number, f = 0.5. We repeated the random loss
simulation 10 times for each network and report the mean values of the indices at
each value of f. We conducted a series of directed node loss simulations to evaluate
which method of determining node importance revealed the most vulnerable nodes
in a network. Node importance was determined by its degree, weighted degree,
closeness, and fragmentation. Degree is the number of links directly connected to
an individual node, whereas weighted degree is the sum of all edge weights directly
connected to an individual node. Degree and weighted degree can provide different
ranking because a node with only three edges will be considered less important when
ranked by degree than a node with five edges; however, if the three edge weights for
the first node are 4.5, 10, and 7, and the weights for the edges of the second node are
1, 1.5, 2, 4, and 2, the first node will be considered more important when ranked by
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weighted degree. Closeness (CC) is determined by the minimum number of links
from an individual node to all others in the network (Wasserman and Faust 1994). It
is calculated as

CC i =

N-1
| Nj = 1 d ij ,

where N is the number of nodes, i and j represent a node pair and dij is the shortest
distance between the pair.
Fragmentation quantifies how much the network would fragment from its original
structure after an individual node is removed and is calculated by:

Fi = 1 -

Sk Q Sk - 1V
NQ N - 1 V ,

|

k

where Sk is the number of nodes in a disconnected portion of the network (Fedor
and Vasas 2009). Nodes with a higher fragmentation value are more influential to
the network’s framework. We assigned importance for every node based on each
method and ties in ranks were randomly broken. Ten iterations of directed removals
were conducted and we reported mean values of all indices at each value of f. In the
directed removal simulations, we removed the most important nodes sequentially
and calculated LD, LDw, C, Cw, APLw, and R after each removal until f = 0.5. Minimum
values for each index were determined and if networks fell below a priori thresholds, they were considered not resilient to further removals. The minimum LD and
LDw were one, the minimum connectance levels were determined following Gilbert
(2009) where Cmin = N−1⁄N2, and an infinite average path length at the end of removals signaled that the network had become so disjointed that there were no longer
paths between nodes. We determined the “window of vitality” or range of robustness
values that functional, empirical networks are typically bounded within following
Ulanowicz et al. (2009) and the upper and lower limits for robustness were R = 0.324
and R = 0.367, or when A/C = 0.218 and A/C = 0.428.
We performed an additional set of simulations in which we reduced the feeding
intensity on two commercially important prey taxa, Gulf menhaden (Brevoortia patronus, see Appendix 1 for species authorities) and blue crab (Callinectes sapidus), to
investigate how consumer feeding efforts may shift if the prey availability decreases.
Gulf menhaden and blue crab are considered important prey species in the nGoM,
and we wanted to show how network simulations can quantify the potential effects
of their depletion. For these simulations, we used the network constructed with frequency of occurrence data and nodes identified to species level. For each node, i, we
calculated its weighted degree then reduced the weighted degree of Gulf menhaden
or blue crab by 25%. We then redistributed the difference between the original edge
weights and the reduced edge weights proportionally among the consumer’s other
edges and calculated the change in weighted degree for each prey node. This was
used to predict the impact of an altered feeding regime on other prey species.
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Table 1. A catalog of prey taxa in order of number of unique predators. The number of predatorprey links is the total number of times the prey taxa was reported in the literature. See Online
Appendix 1 for list of studies.
Prey taxa
Actinopterygii
Decapoda
Polychaeta
Amphipoda
Crustacea
Bivalvia
Copepoda
Animalia
Isopoda
Teleostei
Gastropoda
Penaeidae
Calanoida
Brachyura
Stomatopoda
Cephalopoda

Number of
unique predators
183
183
177
164
154
128
120
116
106
92
86
85
78
74
72
71

Number of
predator-prey links
1,849
1,703
1,342
962
1,806
726
744
847
484
253
482
303
459
431
306
472

Number of
reporting studies
74
82
58
61
46
49
51
38
59
44
45
41
29
34
18
23

Results
Predator-prey Interactions.—From our literature search, we determined
12,335 unique predator-prey interactions reported for the nGoM. The most commonly identified consumer families included Sciaenidae (n = 5406 interactions),
Sparidae (n = 1721 interactions), Triglidae (n = 1241 interactions), Carangidae (n =
1241 interactions), and Engraulidae (n = 1042 interactions). The most studied species were Micropogonias undulatus (n = 1649 interactions), Trachinotus carolinus
(Linnaeus, 1766) (948 interactions), Leiostomus xanthurus (n = 695 interactions),
Anchoa mitchilli (Valenciennes, 1848) (n = 686 interactions), and Sciaenops ocellatus (n = 659 interactions). The least studied predator families were Cichlidae (n =
5 interactions), Dussumieriidae (n = 5 interactions), Achiridae (n = 4 interactions),
Holocentridae (n = 3 interactions), and Aulostomidae (n = 1 interactions). The least
reported species were Larimus fasciatus Holbrook, 1855, Liopropoma eukrines
(Starck and Courtenay, 1962), Lophogobius cyprinoides (Pallas, 1770), Menidia peninsulae, and Sphyraena barracuda (Edwards, 1771) (n = 1 for each). The most prominent prey categories reported in the literature included, Actinopterygii, Decapoda,
Polychaeta, Amphipoda, and Crustacea (Table 1).
Network Indices.—Overall, topological indices for all base networks were not
related to network size (Fig. 3). The 12 networks ranged in size from 24 to 166 nodes;
the largest network was constructed with the frequency of occurrence data of prey
and taxa identified to species level (Table 2). Power functions were fit to all network
indices as a function of network size except for robustness, a linear regression was
used to describe this relationship. We found weak correlation between link density and network size (R = 0.02, β = 0.082), weighted connectance and network size
(R = 0.03, β = 0.03), weighted average path length and network size (R = 0.21, β =
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Figure 3. Linear and non-linear (power) relationship of network size (number of nodes) and
topological indices (link density, weighted link density, connectance, weighted connectance,
weighted average path length, and robustness) for the 12 generated networks.

0.103), and robustness and network size (R = 0.34, β = 0.00032) (Fig. 3). Weighted
link density exhibited stronger correlation to network size (R = 0.55, β = 0.384) and
connectance had the strongest and only negative correlation with network size (R =
−0.74, β = −0.886) (Fig. 3). The mean weighted link density was 5.11 links per nodes
(SD 1.80) and the unweighted mean link density was 1.42 links per nodes (SD 0.34).
Mean connectance was 0.029 (SD = 0.02) while mean weighted connectance was
4.66 (SD 2.31). Mean weighted average path length, APLw, was 1.52 (SD 0.66). Mean
robustness was 0.335 (SD 0.047). Two networks constructed with the frequency of
occurrence data and two constructed from volumetric data fell outside of the range
of robustness values that functional, empirical networks are typically bounded within for robustness. The networks based on both metrics were below the lower bound
when nodes were aggregated at order level, and above the upper bound when nodes
were aggregated at genus level.
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Table 2. Topological indices of the number of nodes (N), link density (LD), weighted link density
(LDw), connectance (C), weighted connectance (Cw), weighted average path length (APLw), and
robustness (R) for the 12 networks generated. Weighted average path lengths of infinity (Inf)
indicate that there were groups of nodes disconnected from the overall network and connecting
pathways did not exist.
N
Frequency of occurrence
Species
166
Genus
151
Family
131
Order
60
Weight
Species
77
Genus
78
Family
63
Order
24
Volumetric
Species
35
Genus
39
Family
41
Order
28

LD

LDW

C

CW

APLW

R

1.33
1.57
1.77
1.72

5.46
8.78
7.43
6.21

0.010
0.010
0.014
0.029

0.040
8.783
7.429
6.212

2.30
1.90
0.69
0.77

0.36
0.37
0.36
0.23

0.94
1.12
1.21
1.33

2.86
3.64
3.93
3.81

0.012
0.015
0.019
0.058

2.856
3.620
3.933
3.810

Inf
Inf
1.80
0.96

0.32
0.34
0.36
0.33

1.06
1.23
1.71
2.07

3.24
4.5
5.34
6.18

0.031
0.032
0.043
0.077

3.236
4.497
5.341
6.185

2.44
2.08
1.25
1.02

0.36
0.37
0.36
0.25

Random Removals.—We found that LD was the most sensitive index to random
removals and LDw, C, and APLw were not affected by random removals (Fig. 4). We
found that for all networks, except the one generated with volumetric data and nodes
aggregated at the taxonomic level order, link density fell below one when f = 0.5. In
contrast, weighted link density never fell below the minimum value. Connectance
and weighted average path were not influenced by random removals and were not
reduced below the minimum levels. For all networks with nodes aggregated to taxonomic order and the network constructed using weight data with nodes aggregated
at the taxonomic level genus, the robustness values when f = 0.5 were outside of the
functional range. Random removals resulted in weighted connectance values below
the minimum for networks composed with frequency of occurrence data and nodes
aggregated at the taxonomic level species and family.
Directed Removals.—The impacts of directed removal on the indices (LD, LDw,
C, Cw, APLw, and R) varied depending on the node index (closeness, degree, weighted degree, and fragmentation) used to determine the order of node removal. When
nodes with the greatest degree or greatest weighted degree were removed, the associated network topological indices LD, LDw, C, Cw, APLw, and R fell below the a priori
established minimum values in 77.7% and 72.2% of the simulation trials, respectively
(Figs. 5, 6). When nodes were removed based on their closeness value, topological
indices were reduced below a priori minimum levels in 23.6% of the simulation trials (Fig. 7). Finally, when nodes were removed based on their fragmentation value,
topological indices were reduced below the a priori established minimum value in
54.2% of the simulation trials (Fig. 8). We found that the weighted link density index
was the least sensitive index to directed node removals, in only 6% of the simulations
did it fall below one. The most sensitive index to node removal was weighted connectance, in 93.7% of the instances, it fell below the minimum value.
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Figure 4. Mean values derived from 10
simulations of six topological indices (A)
link density, (B) connectance, (C) weighted
connectance, (D) robustness, (E) weighted
link density, and (F) weighted average path
length as a function of random node removal. Networks were generated with data from
three different diet metrics and nodes were aggregated at four taxonomic levels (order, family, genus, and species).

Overall, the network that was most resilient to directed removals was the network constructed with frequency of occurrence data and nodes aggregated at the
genus level. In total, the topological indices were higher than the minimum values
in 58.4% of the simulation trials. When node removal was based on closeness values,
none of the topological indices fell below the minimum levels. Node removal based
on fragmentation resulted in only the link density index falling below the minimum. When we removed nodes based on weighted degree, the indices connectance,
weighted connectance, link density, and average path length all fell below the a priori
minima and when we removed nodes based on degree, all indices except weighted
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Figure 5. Mean values derived from 10
simulations of six topological indices (A)
link density, (B) connectance, (C) weighted
connectance, (D) robustness, (E) weighted
link density, and (F) weighted average path
length as a function of directed node removal
(preferentially removing the most connected
nodes). Networks were generated with data
from three different diet metrics and nodes
were aggregated at four taxonomic levels (order, family, genus, and species).

link density fell below the minima. The most vulnerable network to directed removals was the network constructed with frequency of occurrence data and nodes aggregated at taxonomic order. When we removed nodes in order of closeness, the
topological indices robustness, link density, and weighted connectance fell below
minima. When we removed nodes based on fragmentation values, all topological
indices except weighted link density and weighted average path length fell below the
minima. When we removed nodes following degree and weighted degree rankings,
all indices except weighted link density fell below the minimum values.
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Figure 6. Mean values derived from 10 simulations of topological indices (A) link density,
(B) connectance, (C) weighted connectance,
(D) robustness, (E) weighted link density, and
(F) average path length to the directed removal of nodes with high weighted degree until
50% of the nodes were removed.

Of the four networks for which robustness fell outside of the functional range,
there were instances in which robustness increased or decreased as nodes were removed so that the robustness values fell into the functional range when f = 0.5. In the
directed removal simulations based on closeness, fragmentation, and weighted degree indices, the network constructed using frequency of occurrence data and nodes
aggregated at the taxonomic level genus had a decrease in robustness so that the final
value fell within the functional range. Similarly, robustness values for the network
created from volumetric data with nodes aggregated at genus level decreased to fall
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Figure 7. Mean values derived from 10 simulations of topological indices (A) link density,
(B) connectance, (C) weighted connectance,
(D) robustness, (E) weighted link density, and
(F) average path length to the directed removal of nodes with the greatest closeness values
first until 50% of the nodes were removed
from the network.

within the window of vitality range when we removed nodes based on their indices
of closeness, degree, weighted degree.
The reduction-reallocation simulations that removed selected, commercially important species indicated the direction and magnitude of predator diet shifts within
the network. We focused our evaluation on networks constructed using frequency
of occurrence data and nodes aggregated at the taxonomic level species. Prior to
any reductions, Gulf menhaden had a weighted degree of 509.26 and blue crab had
a weighted degree of 387.53, and each had eight unique predator species. Blue crab
and Gulf menhaden have the greatest weighted degree and number of predators; the
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Figure 8. Mean values derived from 10 simulations of topological indices (A) link density,
(B) connectance, (C) weighted connectance,
(D) robustness, (E) weighted link density,
and (F) average path length to the directed
removal of nodes with the greatest fragmentation values first until 50% of the nodes were
removed from the network

third greatest weighted degree was the sea snail, Cosmioconcha calliglypta, WD =
140.25, with three unique predator species. We found that reducing edge weights
from eight predators to Gulf menhaden resulted in indirect impacts on 42 other
prey species. Specifically, their predator’s feeding intensity were reallocated to round
scad (Decapterus punctatus), blue crab, Atlantic croaker (Micropogonias undulatus),
hardhead catfish (Ariopsis felis), and eastern mosquitofish (Gambusia affinis) (Fig.
9). When WD was reduced by 25% for Gulf menhaden, the largest change in weighted degree (∆WD = 112.4) occurred for round scad. Because the edge weights are
based on frequency of occurrence data, this implies a 112.4% increase in frequency
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Figure 9. Impact on weighted degree for the 10 most impacted prey species as a result of reallocation of predator feeding effort when (A) Gulf menhaden weighted degree was reduced by 25%
and when (B) blue crab weighted degree was reduced by 25%.

of occurrence of round scad in predator diets. Blue crab WD increased by 97.8% and
Atlantic croaker increased by 67.9%. When we reduced feeding pressure on blue crab,
our analysis predicts that predators (n = 8 predator species) would shift feeding to
59 prey, particularly the scorched mussel (Brachidontes exustus), Atlantic croaker,
Gulf menhaden, a saltwater clam (Mulinia lateralis), and an amphipod (Batea catharinensis) (Fig. 9). Three of the five most impacted prey species are other benthic invertebrates. The scorched mussel experienced the largest increase in WD when blue
crab occurrences in diets were reduced by 25%, ∆WD = 96.88%.
Discussion
To understand trophic dynamics of fishes in the nGoM, we used a network approach. We found that the initial values of topological indices for the networks we
generated were typically lower than values found within the literature, that topological indices of network structure are resilient to random perturbations, but that
directed removal of high degree (well connected) nodes results in the value of topological network indices to be reduced below functional threshold levels. Additionally,
we found that the simulated extirpation of commercially important taxa, Gulf
menhaden and blue crab, allows us to understand the targets and the magnitude of
increased feeding pressure exerted by predators when they shift predation. Our approach highlights the need for consistent reporting in taxonomy of prey items and
stomach content analysis metrics, and a greater understanding of the food habits of
lesser-known taxa in the northern Gulf of Mexico.
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We found that the size of the networks we created and the resulting topological
indices were generally smaller and lower than those of other systems of comparable
size. Network approaches have been used to understand trophic dynamics in a variety of ecosystems and the number of nodes included in the network vary widely.
Some authors have sufficient data to obtain a large number of nodes in their networks. For example, Navia et al. (2016) populated a network model with 256 nodes
that included phytoplankton, zooplankton, and detritus, as well as elasmobranch
fishes and turtles in the Dry Tortugas ecosystem. Gaichas and Francis (2008) constructed a trophic network of the Gulf of Alaska that consisted of 406 nodes. The
relative paucity of nodes in our work, in comparison to other highly parametrized
models, resulted in mean unweighted connectance values lower than those of other
trophic webs (Dunne 2012). Our inclusion of only taxonomic groups that could be
identified unambiguously resulted in the exclusion of multiphyletic groups, such as
phytoplankton, zooplankton, inorganic particulate, detritus, and others that play a
critical, functional role in energy transfer. The exclusion of these groups reduced the
size and connectivity of each of the networks. Connectance for other marine and
estuarine systems are between 0.038 and 0.3, and tend to be even lower in freshwater
and terrestrial systems. The lower bounds of our connectance index value are lower
than this range and is a result of most nodes in our constructed network having only
a single link—an artifact of the depauperate trophic information for some groups.
We observe that network topological indices, with the exception of link density
and weighted connectance, were not sensitive to the random removal simulations.
Random removal of nodes caused the link density to fall below one, which means
that, on average, every node had a single trophic interaction. Prior to the removal
simulation, the networks had link densities between 0.9 and 2, and the loss of additional edges had a disproportionate impact. When weights were incorporated into
link density, we observed a different response to random perturbations. Weighted
link density never fell below the minimum established functional level; in several
instances, the connectance metric increased as nodes were randomly removed. This
non-intuitive result arose because the trophic network is composed of a disproportionate number of nodes consisting of one or two edges and the impact of randomly
removing nodes serves to preferentially remove nodes with low numbers of edges. As
those poorly connected nodes are removed, the overall density of edges increases,
which can lead to a stronger network structure. This finding is similar to those reported by Sole and Montoya (2001) and Dunne et al. (2002, 2004). The robustness
index was sensitive to random removals, and always fell outside of the optimal range
when nodes were aggregated at a high taxonomic level (e.g., order).
The network topological indices were sensitive to directed removal of taxa and the
magnitude of the impact was dependent on the node index used to determine node
importance. We found that node indices based on local properties, such as how many
direct linkages were present, were the most influential nodes for maintaining the network structure. Topological network indices fell below a priori established minimum
levels in 76% of the simulation trials when the nodes with the highest degree were
removed first, and 71% of the simulation trials when nodes with highest weighted degree were removed. Therefore, the most important nodes can be identified by those
that have the most connections and not necessarily those with the largest weighted
connections. Global properties of nodes did not identify the most structurally important nodes as frequently. The degree distribution of the networks we generated
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was heavily skewed so that a few nodes were highly connected and the rest had only
a few. Because of the many connections, those few nodes become “hubs” for flow of
energy through the network. This is a characteristic of scale-free networks and they
are particularly vulnerable to removal of highly connected nodes. Many other trophic networks fall into this category and are often robust to random perturbations,
but extremely vulnerable to directed removals (Solé and Montoya 2001).
The architecture of the network is determined by the availability of publicly accessible predator-prey information and the level of taxonomy used to describe the
network. The low observed connectance and sparsity of nodes highlights the need
for increased examination of trophic ecology in the Gulf of Mexico. The regional
efforts in the northeastern United States (National Oceanic and Atmospheric
Administration Food Web Dynamics Program; Smith and Link 2010), the north
Pacific Ocean (Resource Ecology and Ecosystem Modeling; Livingston et al. 2017),
the Chesapeake Bay region (VIMS Multispecies Research Group; Buchheister and
Latour 2016), the California Current food habits database (Szoboszlai et al. 2015),
and the Gulf of Mexico (GoMexSI) are examples of how this can be done, and in the
case of GoMexSI, made publicly available.
The simulations of a scenario targeting commercially important species showed
how predator diets may shift as a result of heavy fishing pressure. Our methods were
similar to those presented by Plagányi and Essington (2014): we proportionally reallocated predator feeding effort. This type of simulation provides a way to identify
impacted prey species and has implications for modifying management strategies to
account for ecosystem impacts of harvest or local extirpation to the extent that prey
items become so reduced that energetic effort is better spent pursing alternative prey.
We found that a greater number of prey species experienced an increase in feeding
efforts when blue crab were removed from the network than when Gulf menhaden
were removed; however, the change in magnitude of feeding effort onto other prey
species was larger when Gulf menhaden were removed.
Multiple factors limit the utility of stomach content analyses studies and this
includes their generally short duration, their limited spatial extent, and the imbalance in allocation of effort on some taxa and not others. Similarly, variations in the
taxonomic resolution and in the choice of reporting metrics continue to present
challenges for the synthesis of diet habit studies. The variability of preservation is a
primary concern: various food items are digested at different rates, so more readily
digestible materials may be easily overlooked, and soft-bodied prey are difficult to
identify (Michener and Schell 1994, Bowen and Iverson 2013). Because of the difficulty in analyzing diet components, the taxonomic resolution in diet studies can
be limited, and this can lead to biases and errors in interpretation of predators’ food
habits (Hansson 1998). The simulations presented here highlight some of the challenges of using a diversity of diet information that are inconsistent in taxonomic
resolution. Meta analytical approaches to describe diet, such as this one, are powerful but are contingent on the use of consistent diet metrics, and there remains a lack
of consensus on the “best” approach (Somerton 1991). A deficiency of information on
trophic dynamics and ecological dependencies limits our understanding of ecosystem process and limits the ability to effectively implement ecosystem-based fishery
management (Frid et al. 2006). We believe an effective way forward to overcome the
inconsistencies in understanding food habits is enhanced regional coordination of
data collection and assimilation by agency and academic scientists.

40

Bulletin of Marine Science. Vol 94, No 1. 2018

Acknowledgments
We would like to thank T Daley and J Kuslich and for their help in collecting and assimilating metadata from the literature to create the database used in our study. We thank S Curran
for providing expertise in prey taxonomy. This work was funded in part by the National Fish
and Wildlife Foundation Gulf Environmental Benefit Fund.

Literature Cited
Albert R, Hawoong J, Barbasi A-L. 2000. Error and attack tolerance of complex networks.
Nature. 406:378–382. https://doi.org/10.1038/35019019
Althauser LL. 2003. An Ecopath/Ecosim analysis of an estuarine food web: seasonal energy
flow and response to river-flow related perturbations. Louisiana State University.
Banašek-Richter C, Bersier LF, Cattin MF, Baltensperger R, Gabriel JP, Merz Y, Ulanowicz RE,
Tavares AF, Williams DD, De Ruiter PC, et al. 2009. Complexity in quantitative food webs.
Ecology. 90:1470–1477. https://doi.org/10.1890/08-2207.1
Barabasi A-L. 2016. Graph theory. Network science. Cambridge: Cambridge University Press.
p. 42–71.
Bascompte J, Jordano P, Olesen JM. 2006. Asymmetric coevolutionary networks facilitate biodiversity maintenance. Science. 312(5772):431–433. https://doi.org/10.1126/science.1123412
Boit A, Gaedke U. 2014. Benchmarking successional progress in a quantitative food web. PLoS
One. 9:e90404. https://doi.org/10.1371/journal.pone.0090404
Bornatowski H, Navia AF, Braga RR, Abilhoa V, Correa MFM. 2014. Ecological importance
of sharks and rays in a structural foodweb analysis in southern Brazil. ICES J Mar Sci.
71:1586–1592. https://doi.org/10.1093/icesjms/fsu025
Bowen WD, Iverson SJ. 2013. Methods of estimating marine mammal diets: a review of validation experiments and sources of bias and uncertainty. Mar Mam Sci. 29:719–754. https://
doi.org/10.1111/j.1748-7692.2012.00604.x
Buchheister A, Latour RJ. 2016. Dynamic trophic linkages in a large estuarine system - support
for supply driven dietary changes using delta generalized additive mixed models. Can J Fish
Aquat Sci. 73:5–17. https://doi.org/10.1139/cjfas-2014-0441
Camacho J, Guimerà R, Nunes Amaral LA. 2002. Robust patterns in food web structure. Phys
Rev Lett. 88:228102. https://doi.org/10.1103/PhysRevLett.88.228102
Chagaris DD, Mahmoudi B, Walters CJ, Allen MS. 2015. Simulating the trophic impacts of
fishery policy options on the west Florida shelf using Ecopath with Ecosim. Mar Coast Fish.
7:44–58. https://doi.org/10.1080/19425120.2014.966216
Csardi G, Nepusz T. 2006. The igraph software package for complex network research.
InterJournal 1–9.
Dunne J. 2012. Food webs. In: Myers R, editor. Encyclopedia of complexity and systems science. Springer. p. 3661–3682.
Dunne JA, Williams RJ, Martinez ND. 2002. Network structure and biodiversity loss in
food webs: robustness increase with connectance. Ecol Lett. 5:558–567. https://doi.
org/10.1046/j.1461-0248.2002.00354.x
Dunne J, Williams RJ, Martinez ND. 2004. Network structure and robustness of marine food
webs. Mar Ecol Prog Ser. 273:291–302. https://doi.org/10.3354/meps273291
Fath BD. 2015. Quantifying economic and ecological sustainability. Ocean Coast Manage.
108:13–19. https://doi.org/10.1016/j.ocecoaman.2014.06.020
Fath BD, Scharler UM, Ulanowicz RE, Hannon B. 2007. Ecological network analysis: network
construction. Ecol Modell. 208:49–55. https://doi.org/10.1016/j.ecolmodel.2007.04.029
Fedor A, Vasas V. 2009. The robustness of keystone indices in food webs. J Theor Biol. 260:372–
378. https://doi.org/10.1016/j.jtbi.2009.07.003
Frid CLJ, Paramor OAL, Scott CL. 2006. Ecosystem-based management of fisheries: is science
limiting? ICES J Mar Sci. 63:1567–1572. https://doi.org/10.1016/j.icesjms.2006.03.028

Oshima and Leaf: Trophic dynamics in the northern Gulf of Mexico

41

Gaichas SK, Francis RC. 2008. Network models for ecosystem-based fishery analysis: a review
of concepts and application to the Gulf of Alaska marine food web. Can J Fish Aquat Sci.
65:1965–1982. https://doi.org/10.1139/F08-104
García-Algarra J, Pastor JM, Iriondo JM, Galeano J. 2017. Ranking of critical species to preserve
the functionality of mutualistic networks using the k-core decomposition. PeerJ. 5:e3321.
https://doi.org/10.7717/peerj.3321
Geers TM, Pikitch EK, Frisk MG. 2014. An original model of the northern Gulf of Mexico using
Ecopath with Ecosim and its implications for the effects of fishing on ecosystem structure
and maturity. Deep Res Part II Top Stud Oceanogr. 129:1–13.
Gilbert AJ. 2009. Connectance indicates the robustness of food webs when subjected to species
loss. Ecol Indic. 9:72–80. https://doi.org/10.1016/j.ecolind.2008.01.010
Goerner SJ, Lietaer B, Ulanowicz RE. 2009. Quantifying economic sustainability: Implications
for free-enterprise theory, policy and practice. Ecol Econ. 69:76–81. https://doi.
org/10.1016/j.ecolecon.2009.07.018
Greicius MD, Krasnow B, Reiss AL, Menon V. 2003. Functional connectivity in the resting brain: A network analysis of the default mode hypothesis. Proc Natl Acad Sci USA.
100:253–258. https://doi.org/10.1073/pnas.0135058100
Grüss A, Schirripa MJ, Chagaris D, Drexler M, Simons J, Verley P, Shin Y-J, Karnauskas M,
Oliveros-Ramos R, Ainsworth CH. 2015. Evaluation of the trophic structure of the west
Florida shelf in the 2000s using the ecosystem model OSMOSE. J Mar Syst. 144:30–47.
https://doi.org/10.1016/j.jmarsys.2014.11.004
Hansson S. 1998. Methods of studying fish feeding: a comment. Can J Fish Aquat Sci.
55(12):2706–2707. https://doi.org/10.1139/f98-158.
Hyslop EJ. 1980. Stomach contents analysis-a review of methods and their application. J Fish
Biol. 17(4):411–429. https://doi.org/10.1111/j.1095-8649.1980.tb02775.x
Kharrazi A, Rovenskaya E, Fath BD, Yarime M, Kraines S. 2013. Quantifying the sustainability of economic resource networks: an ecological information-based approach. Ecol Econ.
90:177–186. https://doi.org/10.1016/j.ecolecon.2013.03.018
Lau MK, Borrett S, Hines D, Singh P. 2017. enaR: tools for ecological network analysis.
Levin SA, Lubchenco J. 2008. Resilience, robustness, and marine ecosystem-based management. Bioscience. 58:27–32. https://doi.org/10.1641/B580107
Livingston PA, Aydin K, Buckley TW, Lang GM, Yang MS, Miller BS. 2017. Quantifying food
web interactions in the North Pacific – a data-based approach. Environ Biol Fish. 100:443–
470. https://doi.org/10.1007/s10641-017-0587-0
Luscombe NM, Madan Babu M, Yu H, Snyder M, Teichmann SA, Gerstein M. 2004. Genomic
analysis of regulatory network dynamics reveals large topological changes. Nature.
431:308–312. https://doi.org/10.1038/nature02782
Masi MD, Ainsworth CH, Chagaris D. 2014. A probabilistic representation of fish diet compositions from multiple data sources: a Gulf of Mexico case study. Ecol Modell. 284:60–74.
https://doi.org/10.1016/j.ecolmodel.2014.04.005
Michener RH, Schell DM. 1994. Stable isotope rations as tracers in marine aquatic food webs.
In: Lajtha K, Michener RH, editors. Stable isotopes in ecology and environmental science.
Oxford: Blackwell Scientific. p. 138–157.
De Montis A, Bartheïemy M, Chessa A, Vespignani A. 2007. The structure of interurban traffic:
a weighted network analysis. Environ Plan B: Urban Anal City Sci. 34(5):905–924. https://
doi.org/10.1068/b32128
Navia AF, Cortés E, Mejía-Falla PA. 2010. Topological analysis of the ecological importance
of elasmobranch fishes: a food web study on the Gulf of Tortugas, Colombia. Ecol Modell.
221:2918–2926. https://doi.org/10.1016/j.ecolmodel.2010.09.006
Navia AF, Hugo Cruz-Escalona V, Giraldo A, Barausse A. 2016. The structure of a marine tropical food web, and its implications for ecosystem-based fisheries management. Ecol Modell.
328:23–33. https://doi.org/10.1016/j.ecolmodel.2016.02.009

42

Bulletin of Marine Science. Vol 94, No 1. 2018

Newman MEJ. 2003. The structure and function of complex networks. Soc Ind Appl Math.
45:167–256.
Okey TA, Mahmoudi B, Arnold WS, Burghart SE, Caldwell RL, Graham W, Houhoulis PF,
Steven M, Marelli D, Meyer CA, et al. 2002. An ecosystem model of the west Florida shelf
for use in fisheries management and ecological research: Volume II. Model Construction.
1–163.
Okey TA, Vargo GA, Mackinson S, Vasconcellos M, Mahmoudi B, Meyer CA. 2004. Simulating
community effects of sea floor shading by plankton blooms over the west Florida shelf. Ecol
Modell. 172:339–359. https://doi.org/10.1016/j.ecolmodel.2003.09.015
Olesen JM, Bascompte J, Dupont YL, Jordano P. 2006. The smallest of all worlds: pollination
networks. J Theor Biol. 240:270–276. https://doi.org/10.1016/j.jtbi.2005.09.014
Paine RT. 1969. A note on trophic complexity and community stability. Am Nat. 103:91–93.
https://doi.org/10.1086/282586
Pimm SL, Lawton JH, Cohen JE. 1991. Food web patterns and their consequences. Nature.
350:669–674. https://doi.org/10.1038/350669a0
Plagányi ÉE, Essington TE. 2014. When the SURFs up, forage fish are key. Fish Res. 159:68–74.
https://doi.org/10.1016/j.fishres.2014.05.011
R Core Team. 2015. R: a language and environment for statistical computing. R Foundation for
Statistical Computing, Vienna, Austria. Available from: http://www.R-project.org/
Sagarese SR, Nuttall MA, Geers TM, Lauretta M V, Walter JF III, Serafy JE. 2016. Quantifying
the trophic importance of Gulf Menhaden within the Northern Gulf of Mexico ecosystem.
Mar Coast Fish. 8:23–45. https://doi.org/10.1080/19425120.2015.1091412
Scott J. 1988. Social network analysis. Sociology. 22:109–127. https://doi.
org/10.1177/0038038588022001007
Sih A, Hanser SF, Mchugh KA. 2009. Social network theory: new insights and issues for
behavioral ecologists. Behav Ecol Sociobiol. 63:975–988. https://doi.org/10.1007/
s00265-009-0725-6
Smith BE, Link JS. 2010. The trophic dynamics of 50 finfish and 2 squid species on the northeast US continental shelf. NOAA Technical Memorandum NMFS-NE-216. NOAA Tech.
Memo. NMFS-NE-216 640.
Solé RV, Montoya JM. 2001. Complexity and fragility in ecological networks. Proc Biol Sci.
268:2039–2045. https://doi.org/10.1098/rspb.2001.1767
Somerton DA. 1991. Detecting differences in fish diets. Fish Bull. 89:167–169.
Stobberup KA, Morato T, Amorim P, Erzini K. 2009. Predicting weight composition of fish diets: converting frequency of occurrence of prey to relative weight composition. Open Fish
Sci J. 2:42–49. https://doi.org/10.2174/1874401X00902010042
Sutton G, Guillen G. 2009. Development of an ecosystem model for Galveston Bay: evaluating
the influence of freshwater inflows, nutrient inputs and fisheries. p. 99–100.
Szoboszlai AI, Thayer JA, Wood SA, Sydeman WJ, Koehn LE. 2015. Forage species in predator diets: synthesis of data from the California Current. Ecol Inform. 29:45–56. https://doi.
org/10.1016/j.ecoinf.2015.07.003
Ulanowicz RE, Goerner SJ, Lietaer B, Gomez R. 2009. Quantifying sustainability: resilience,
efficiency and the return of information theory. Ecol Complex. 6:27–36. https://doi.
org/10.1016/j.ecocom.2008.10.005
van Altena C, Hemerik L, De Ruiter PC. 2016. Food web stability and weighted connectance:
the complexity-stability debate revisited. Theor Ecol. 9:49–58. https://doi.org/10.1007/
s12080-015-0291-7
Vidal L, Pauly D. 2004. Integration of subsystems models as a tool toward describing feeding
interactions and fisheries impacts in a large marine ecosystem, the Gulf of Mexico. Ocean
Coast Manage. 47:709–725. https://doi.org/10.1016/j.ocecoaman.2004.12.009
Wasserman S, Faust K. 1994. Social networks analysis: methods and applications. Cambridge,
ENG and New York: Cambridge University Press.
Young JW, Hunt BPV, Cook TR, Llopiz JK, Hazen EL, Pethybridge HR, Ceccarelli D, Lorrain
A, Olson RJ, Allain V, et al. 2015. The trophodynamics of marine top predators: Current
knowledge, recent advances and challenges. Deep Res. 113(Part II):170–187.

Oshima and Leaf: Trophic dynamics in the northern Gulf of Mexico

43

Appendix 1. A list of all species (grouped by order) represented in Figure 1 and 2, as well as
common names.
Species
Anguilliformes
Ophichthus gomesii (Castelnau, 1855)
Atheriniformes
Membras martinica (Valenciennes, 1835)
Menidia beryllina (Cope, 1867)
Menidia menidia (Linnaeus, 1766)
Menidia peninsulae (Goode and Bean, 1879)
Aulopiformes
Synodus foetens (Linnaeus, 1766)
Clupeiformes
Anchoa hepsetus (Linnaeus, 1758)
Brevoortia patronus Goode, 1878
Dorosoma petenense (Günther, 1867)
Sardinella aurita Valenciennes, 1847
Cyprinodontiformes
Adinia xenica (Jordan and Gilbert, 1882)
Cyprinodon variegatus Lacépède, 1803
Fundulus grandis Baird and Girard, 1853
Fundulus majalis (Walbaum, 1792)
Fundulus pulvereus (Evermann, 1892)
Gambusia affinis (Baird and Girard, 1853)
Poecilia latipinna (Lesueur, 1821)
Lepisosteiformes
Atractosteus spatula (Lacépède, 1803)
Lepisosteus oculatus Winchell, 1864
Lepisosteus osseus (Linnaeus, 1758)
Lophiiformes
Halieutichthys aculeatus (Mitchill, 1818)
Ogcocephalus declivirostris Bradbury, 1980
Ogcocephalus pantostictus Bradbury, 1980
Mugiliformes
Mugil cephalus Linnaeus, 1758
Myctophiformes
Diaphus brachycephalus Tåning, 1928
Diaphus dumerilii (Bleeker, 1856)
Diaphus mollis Tåning, 1928
Lampanyctus alatus Goode and Bean, 1896
Lampanyctus nobilis Tåning, 1928
Lepidophanes guentheri (Goode and Bean, 1896)
Lobianchia gemellarii (Cocco, 1838)
Myctophum affine (Lütken, 1892)
Notolychnus valdiviae (Brauer, 1904)
Perciformes
Acanthocybium solandri (Cuvier, 1832)
Archosargus probatocephalus (Walbaum, 1792)
Astronesthes similus Parr, 1927
Astroscopus y-graecum (Cuvier, 1829)

Common name
Shrimp eel
Rough silverside
Inland silverside
Atlantic silverside
Tidewater silverside
Inshore lizardfish
Broad-striped anchovy
Gulf menhaden
Threadfin shad
Round sardinella
Diamond killifish
Sheepshead minnow
Gulf killifish
Striped killifish
Bayou killifish
Mosquitofish
Sailfin molly
Alligator gar
Spotted gar
Longnose gar
Pancake batfish
Slantbrow batfish
Spotted batfish
Flathead grey mullet
Short-headed lantern fish
Lanternfish
Soft lanternfish
Winged lanternfish
Noble lampfish
Günther’s lanternfish
Cocco’s lantern fish
Metallic lantern fish
Topside lampfish
Wahoo
Sheepshead
Stareater fish
Southern stargazer
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Appendix 1. Continued.
Species
Perciformes
Caranx hippos (Linnaeus, 1766)
Chloroscombrus chrysurus (Linnaeus, 1766)
Coryphaena hippurus Linnaeus, 1758
Cynoscion arenarius Ginsburg, 1930
Cynoscion nebulosus (Cuvier, 1830)
Cynoscion nothus (Holbrook, 1848)
Decapterus punctatus (Cuvier, 1829)
Diplectrum bivittatum (Valenciennes, 1828)
Dormitator maculatus (Bloch, 1792)
Elops saurus Linnaeus, 1766
Euthynnus alletteratus (Rafinesque, 1810)
Lagodon rhomboides (Linnaeus, 1766)
Leiostomus xanthurus Lacépède, 1802
Lobotes surinamensis (Bloch, 1790)
Lutjanus synagris (Linnaeus, 1758)
Micropogonias undulatus (Linnaeus, 1766)
Peprilus burti Fowler, 1944
Pogonias cromis (Linnaeus, 1766)
Pomatomus saltatrix (Linnaeus, 1766)
Rachycentron canadum (Linnaeus, 1766)
Sciaenops ocellatus (Linnaeus, 1766)
Pleuronectiformes
Achirus lineatus (Linnaeus, 1758)
Paralichthys lethostigma Jordan and Gilbert, 1884
Symphurus plagiusa (Linnaeus, 1766)
Siluriformes
Ariopsis felis (Linnaeus, 1766)
Stomiiformes
Chauliodus sloani Bloch and Schneider, 1801
Cyclothone braueri Jespersen and Tåning, 1926
Malacosteus niger Ayres, 1848
Photostomias guernei Collett, 1889
Stomias affinis Günther, 1887
Tetraodontiformes
Balistes capriscus Gmelin, 1789
Sphoeroides nephelus (Goode and Bean, 1882)
Mytiloida
Brachidontes exustus (Linnaeus, 1758)
Ischadium recurvum (Rafinesque, 1820)
Ostreoida
Crassostrea virginica (Gmelin, 1791)
Veneroida
Donax variabilis Say, 1822
Ensis megistus coseli Vierna, 2014
Mulinia lateralis (Say, 1822)

Common name
Crevalle jack
Atlantic bumper
Common dolphinfish
Sand seatrout
Spotted seatrout
Silver seatrout
Round scad
Dwarf sand perch
Fat sleeper
Ladyfish
Little tunny
Pinfish
Spot croaker
Tripletail
Lane snapper
Atlantic croaker
Gulf butterfish
Black drum
Bluefish
Cobia
Red drum
Lined sole
Southern flounder
Blackcheek tonguefish
Hardhead sea catfish
Sloane’s viperfish
Brauer’s Bristlemouth
Stoplight loosejaw
Mandibulón negro
Scaly dragonfish
Grey triggerfish
Southern puffer
Scorched mussel
Hooked mussel
Eastern oyster
Coquina
Minor jackknife clam
Dwarf surfclam
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Appendix 1. Continued.
Species
Eunicida
Diopatra cuprea (Bosc, 1802)
Phyllodocida
Glycera americana Leidy, 1855
Cephalaspidea
Bulla striata Bruguière, 1792
Cylichnella bidentata (d’Orbigny, 1841)
Neogastropoda
Cosmioconcha calliglypta (Dall, 1901)
Americoliva (Oliva) sayana (Ravenel, 1834)
Stramonita haemastoma (Linnaeus, 1767)
Amphipoda
Ampelisca abdita Mills, 1964
Batea catharinensis Müller, 1865
Corophium louisianum Shoemaker, 1934
Gammarus mucronatus Say, 1818
Gammarus tigrinus Sexton, 1939
Melita nitida Smith, 1873
Paracaprella tenuis Mayer, 1903
Acetes americanus Ortmann, 1893
Decapoda
Alpheus estuariensis Christoffersen, 1984
Alpheus floridanus Kingsley, 1878
Callinectes danae Smith, 1869
Callinectes sapidus Rathbun, 1896
Callinectes similis Williams, 1966
Eurypanopeus depressus (Smith, 1869)
Penaeus (Farfantepenaeus) aztecus Ives, 1891
Gennadas valens (Smith, 1884)
Latreutes parvulus (Stimpson, 1871)
Palaemon (Palaemonetes) pugio (Holthuis, 1949)
Palaemon (Palaemonetes) vulgaris Say, 1818
Pasiphaea merriami Schmitt, 1931
Penaeus setiferus (Linnaeus, 1767)
Portunus gibbesii (Stimpson, 1859)
Portunus sayi (Gibbes, 1850)
Procambarus clarkii (Girard, 1852)
Rhithropanopeus harrisi (Gould, 1841)
Deosergestes (Sergestes) paraseminudus (Crosnier and
Forest, 1973)
Allosergestes (Sergestes) pectinatus (Sund, 1920)
Allosergestes (Sergestes) sargassi (Ortmann, 1893)
Stylopandalus richardi (Coutière, 1905)
Minuca (Uca) pugnax (Smith, 1870)

Common name
Plumed worm
American bloodworm
Striate bubble
Two-tooth barrel bubble
Flame dovesnail
Lettered olive
Florida rocksnail
Amphipod
Amphipod
Amphipod
Amphipod
Amphipod
Amphipod
Amphipod
Aviu shrimp
Estuarine snapping shrimp
Sand snapping shrimp
Dana swimming crab
Blue crab
Lesser blue crab
Flatback mud crab
Brown shrimp
Crab
Sargassum shrimp
Daggerbalde grass shrimp
Common grass shrimp
Ghost comb shrimp
White shrimp
Iridescent swimming crab
Sargassum swimming crab
Red swamp crayfish
Harris mud crab
Crab
Crab
Crab
Zooplankton
Atlantic marsh fiddler

46

Bulletin of Marine Science. Vol 94, No 1. 2018

Appendix 1. Continued.
Species
Euphausiacea
Bentheuphausia amblyops G.O. Sars, 1885
Euphausia gibboides Ortmann, 1893
Stylocheiron abbreviatum G.O. Sars, 1883
Thysanopoda tricuspidata Milne Edwards, 1837
Isopoda
Cyathura polita (Stimpson, 1856)
Stomatopoda
Squilla empusa Say, 1818
Tanaidacea
Leptochelia rapax Harger, 1879
Calanoida
Pseudoamallothrix (Amallothrix) emarginata (Farran, 1905)
Candacia bipinnata (Giesbrecht, 1889)
Chirundina streetsii Giesbrecht, 1895
Euchirella maxima Wolfenden, 1905
Gaetanus kruppii Giesbrecht, 1903
Gaetanus tenuispinus (Sars G.O., 1900)
Paraeuchaeta gracilis (Sars G.O., 1905)
Paraeuchaeta hansenii (With, 1915)
Pleuromamma xiphias (Giesbrecht, 1889)
Scaphocalanus magnus (Scott T., 1894)
Poecilostomatoida
Oncaea venusta Philippi, 1843
Sessilia
Amphibalanus (Balanus) improvisus (Darwin, 1854)
Halocyprida
Metaconchoecia (Conchoecia) pusilla (G. W. Müller, 1906)
Paraconchoecia (Conchoecia) spinifera Claus, 1890

B
M
S

Common name
Krill
Krill
Krill
Krill
Isopod
Mantis shrimp
Tanaidaceans
Zooplankton
Zooplankton
Zooplankton
Zooplankton
Zooplankton
Zooplankton
Zooplankton
Zooplankton
Zooplankton
Zooplankton
Zooplankton
Sessile barnacles
Zooplankton
Zooplankton

